Abstract-In clinical applications, images with high resolution are often desired and required which may provide more details for doctors to make precise diagnosis. In this paper, an approach is proposed to increase image resolution of parallel magnetic resonance imaging. Since different receiver coils have different sensitivity profiles, different receiver channel models are constructed to map the original image information to low resolution images of different channels. Based on these models, the degradation function of every low resolution image can be obtained to compute the high resolution image iteratively using the well known super resolution approach. An in-vivo experiment is also provided to illustrate the feasibility and robustness of the proposed approach.
ecszhang@ntu.edu.sg requirements, especially when acceleration factor is high. To improve the image quality, super resolution method has been applied to PMRI. Currently its applications mainly lie in the slice-encoding direction [1] [2] [3] [4] [5] [6] [7] . The physical basis for this approach is unchallenged, and the result seemed to be good. However, in many applications, high resolution in-plane image is desired.
In this paper, we attempt to apply super resolution techniques to PMRI to produce high resolution in-plane MRI image. Two different cases will be addressed. The first is that the k-space data of each receiver channel are fully sampled at Nyquist rate, and the next is that the k-space data are downsampled. Based on the physical properties of PMRI, different receiver channel models are constructed which map original image information to low resolution images of different channels. Based on these models, the degradation function of every low resolution image can be obtained and thus the high resolution image can be computed iteratively using the traditional super resolution approach.
II. METHODS

A. Problem Description
For PMRI, given the acquired k-space data, the image of each channel can be directly obtained by the inverse Fourier transform of the corresponding k-space data. In order to avoid aliasing of the reconstructed images, the k-space data should be fully sampled, i.e. the k-space data should be acquired at the Nyquist rate. In this case, the size of the final reconstructed image normally equals the size of the acquired k-space data of each channel. To meet visual requirements in clinical applications, the size of constructed images are often enlarged. For convenience, the image with normal size is called low resolution image and that with larger size is called high resolution image.
Bilinear interpolation is commonly applied, which can enlarge the size of images by multiple times. However, such kind of method always blurs the image. The purpose of this paper is to investigate how to obtain a high resolution image with high visual quality.
B. Image acquisition model
In order to comprehensively analyze the super resolution MRI image reconstruction problem, we need to formulate an observation model that maps the high resolution MRI image to the observed low resolution MRI images. Denote the ideal high resolution image by ( . The acquired k-space data can be described by:
where is the Fourier transform of , which can be continuous. Theoretically, however, in practice, the acquired k-space data are sampled resulting in: To solve the super resolution problem, the physical process of PMRI should be applied which is described as follows:
where is observed low resolution image of the l -th channel, and ( ', ') x y is the coordinate of low resolution image, which relates with of the high resolution image; is the inverse Fourier transform operator; is the decimation operator ;
is Fourier transform operator; the is the original image, and is noise.
C. Super Resolution in PMRI
In this subsection, we investigate the application of super resolution to PMRI in the image domain. Since for PMRI, every channel has different sensitivity, the low resolution images acquired from different channel contain different information. In order to fuse these low resolution images, the coil sensitivity should be fully applied. In this paper, we acquire the coil sensitivity experimentally.
According to the physical property of receiver coils, the coil sensitivity is inherently a smooth function all over the space, can be described as a continuous function , where u and v are continuous real variables with 0 u t , 0 v t . Its discrete form can be estimated by using the usual methods, such as the method described in [8] . Concretely, several k-space lines in the center of k-space are acquired in addition to the normal k-space acquisition. This additional information is used to estimate the coil sensitivity map. Then, the traditional fitting method can be used to get the continuous sensitivity function )
with any size can be acquired.
Base on the above discussion, there are two possibilities: one is to fully sample the k-space data such that a series of non-aliased images can be obtained; the other is to downsample the k-space data, but the images acquired would be aliased. These two cases are studied in the following.
C.1 Full-sampling case
When k-space data are fully sampled, for each channel, a non-aliased subimage can be obtained whose size is equal to the size of k-space data acquired by this receiver channel. Here we call such kind of subimages low resolution images.
Denote the desired high resolution image by ( , ) P x y where 0,1, ,
u is the size of the low resolution images, D and E are the multiples of the rows and columns respectively. Denote the estimation of the high resolution image by '( , ) P x y whose initial value can be set by bilinear interpolation of the low resolution image. Now the problem is how to further improve '( , ) P x y . Here the traditional iteration method for super resolution is applied.
Firstly, we consider to construct a model to map the high resolution image to a low resolution image in the image domain. Figure 1 shows the simplest method to derive a low resolution image from a given high resolution image where the pixel of the low resolution image is assumed to be the average of the Fig.1 . Illustration of the relation between high resolution image and low resolution image , the low resolution image of every receiver channel is estimated by (4) . According to the traditional iterative method for super resolution [13] , an optimal estimation ) , ( y x Pc can be computed by solving the following optimization problem: norm of matrices. For the above optimization problem, we may choose a predefined value , which is a priori bound reflecting the statistical confidence of the actual image, and is determined from the statistics of the noise process. For example, if the noise has Gaussian distribution with the standard deviation , then is set to equal , where 0 c t is determined by an appropriate statistical confidence bound (e.g.,
c for 99% confidence). If is larger than
, we use the method of projection onto convex sets (POCS) described in [13] to improve the estimated high resolution image '( , ) P x y . And the following measure:
is chosen as a stopping criterion for the iterations, where n is the number of iterations. The iteration continues until the value of err drops below the predefined value. In general, the whole process can be summarized as below:
Step of the same size as the high resolution image can be generated.
Step 4. Apply (4) to get the estimated low resolution images
Step 5. Compare the difference between the estimated low resolution images
and the real observed low resolution images
, apply the method of POCS to improve the estimated high resolution image '( , ) P x y .
Step 6. Calculate the value of err in (5). If it is less than the predefined value, stop the iterative process and exit; else, repeat
Step 4 to Step 6.
C.2 Downsampling case
In most cases of PMRI, k-space data are downsampled which lead to a series of aliased images. In order to get a high resolution image without aliasing, firstly, we can use SENSE method described in [8] to get an estimated non-aliased image, and then bilinear interpolate this image to obtain an initial high resolution image '( , ) P x y . Using this estimated high resolution image and the established image acquisition model (3), an estimated aliased low resolution image of every channel can be acquired. Comparing the estimated low resolution images with the acquired low resolution images, we can use the errors between these images to improve the estimated high resolution image by POCS method, following the same procedure as that in the fully sampled case.
However, because the low resolution images are aliased, every pixel of the low resolution image is an addition of more than one pixel of the high resolution image. Hence the relation between the high resolution image and the low resolution image cannot be described by (4) and we need to find some relation between them.
According to [12] , for a 1-dimension signal ( ) g n , where 
Similarly, we can extend this relation to the 2-dimensional(2D) MRI images and obtain the aliased low resolution image
This is a mapping between the high resolution image and the low resolution images. Given an initial high resolution image, the low resolution images can be estimated by (7), which is denoted by
, we can use the method of POCS, one traditional super resolution method to improve the estimated high resolution image '( , ) P x y . In general, the whole process can be summarized as follow:
Step 1. Apply some conventional algorithm, like SENSE algorithm, to estimate the continuous coil sensitivity and use it to generate the coil sensitivity matrix of with the same size as that of the high resolution image.
Step 2. By using SENSE algorithm, obtain a non-aliased low resolution image. Then bilinear interpolate this low resolution image to get an initial estimation of the high resolution image '( , ) P x y . . If is larger than , apply the method of POCS to improve the estimated high resolution image '( , ) P x y .
Step 5. Calculate the value of err in (5). If err is less than the predefined value, stop the iterative process and exit; else, repeat Step 3 to Step 5.
III. EXPERIMENTAL RESULTS
An eight-channel k-space data insert a space set was acquired from a healthy male volunteer by a Siemens 1.5T Avanto scanner with an eight-element surface array (Nova Medical, Wilmington, MA). This array has four anterior coils plus four posterior coils.
The data set was breath-hold line acquisitions with 108 phase-encoded and 384 frequency-encoded lines, respectively.
The acquisition parameters are as follows: readout flip angle , field of view (FOV=380mm 285mm), slick thickness 6mm, matrix size 384 108 (readout phase encodes), spatial resolution 2 2.6mm, echo time (TE) = 1.34ms, repetition time (TR) = 2.69ms. Figure 2 shows two low resolution images acquired from two of the eight receiver channels. It is clear that they are acquired from the same FOV, but with different coil sensitivity and containing different information. This provides for applying of the super resolution algorithm. Figure 3 shows the results of both the full sampling case and downsampling case, in which (a) shows addition of the square of the eight low resolution subimages and (b) is the bilinear interpolation of (a) which is chosen as the initial high resolution image. Figure 3 (d) is the bilinear interpolation of a non-aliased low resolution image, which is estimated by using SENSE algorithm . We can see that the bilinear interpolation increases the size of the image, but does not increase any detail information. And its edges are also blurred. Figure 3 (c) and (f) show the reconstructed high resolution image by using the proposed super resolution method in the full sampling case and the downsampling case with acceleration factor 2, respectively. Compared with (b) and (d), the quality of the high resolution image is obviously improved in displaying more details of the images. We also tested different initial high resolution images and the reconstructed images are almost the same as that in (c), which demonstrate that the super resolution algorithm is robust and convergent.
IV. CONCLUSION
In this paper, a practical approach to increasing the spatial resolution of the reconstructed image of PMRI is proposed. Different from the existing super resolution methods, the 
